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ABSTRACT: North Atlantic atmosphere—ocean variability is assessed in climate model simulations from HighResMIP
that have low resolution (LR) or high resolution (HR) in their atmosphere and ocean model components. It is found that
some of the LR simulations overestimate the low-frequency variability of subpolar sea surface temperature (SST) anoma-
lies and underestimate its correlation with the NAO compared to ERAS. These deficiencies are significantly reduced in the
HR simulations, and it is shown that the improvements are related to a reduction of intrinsic (non-NAO-driven) variability
of the subpolar ocean circulation. To understand the cause of the overestimated intrinsic subpolar ocean variability in the
LR simulations, a link is demonstrated between the amplitude of the subpolar ocean variability and the mean state of the
Labrador-Irminger Seas. Supporting previous studies, the Labrador-Irminger Seas tend to be colder and fresher in the LR
simulations compared to the HR simulations and oceanic observations from EN4. This promotes upper-ocean density
anomalies in this region to be more salinity-controlled in the LR simulations versus more temperature-controlled in the
HR simulations and EN4 observations. It is argued that this causes the excessive subpolar ocean variability in the LR simu-
lations by favoring a positive feedback between subpolar upper-ocean salinity and Atlantic meridional overturning circula-
tion (AMOC) anomalies, rather than a negative feedback between subpolar SST and AMOC anomalies as in the HR
simulations. The findings overall suggest that the subpolar ocean mean state impacts the variability of the ocean circulation
and SSTs, including their relationship with the atmospheric circulation, in the extratropical North Atlantic.

KEYWORDS: North Atlantic Ocean; Atmosphere-ocean interaction; Ocean circulation; Model comparison;
Model errors; Decadal variability

1. Introduction oceanic model components that degrade the realism of the simu-
lated variability in the North Atlantic region and in turn the po-
tential for prediction (e.g., Lee et al. 2018; Smith et al. 2020;
Roberts et al. 2021). A deeper understanding of the mechanisms
of North Atlantic atmosphere—ocean variability and its represen-
tation in climate models is thus a key step toward improving cli-
mate simulations and predictions.

In this study, we focus on the large-scale atmosphere—ocean
variability in the extratropical North Atlantic, which remains

Heat and momentum exchanges between the atmosphere and
ocean are critical for establishing the mean climate but are also
related to climate variability across a range of spatiotemporal
scales in both media. In the North Atlantic, such atmosphere—
ocean variability is often associated with large-scale climate
anomalies on subseasonal to multidecadal time scales that can
impact the climates of surrounding regions (e.g., Knight et al.
2006; Zhang and Delworth 2006). Global climate models can be | . S .
used as tools to help understand the causes of such climate vari- incompletely understood. This variability has been linked to

ability and to potentially predict the associated climate anomalies teleconnections from the tr'opical Pacific .(e.g., Lau and Nath
(e.g., Scaife et al. 2014; Arthun et al. 2017; Simpson et al. 2019; 2001), but to a large extent it can be explained by atmosphere—
ocean interactions within the basin (e.g., Marshall et al. 2001a).

Early studies hypothesized that sea surface temperature
(SST) variability is primarily forced by surface heat fluxes
associated with the atmospheric circulation (e.g., Frankignoul
and Hasselmann 1977), but in more recent studies the ocean
circulation has been hypothesized to play a more active role.
In particular, it has been shown that SST anomalies can arise
from variability of the Gulf Stream (e.g., Dong and Kelly
2004), the subtropical and subpolar gyres (e.g., Hikkinen et al.

& Supplementallinforma_tion related tp this paper is available 2011; Piecuch et al. 2017), and the Atlantic meridional
at the Journals Online website: https://doi.org/10.1175/JCLI-D-23-

0230.s1.

Athanasiadis et al. 2020). In practice, however, climate models
generally suffer from biases in both their atmospheric and
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overturning circulation (AMOC) (e.g., Buckley and Marshall
2016; Zhang et al. 2019), each of which has been linked to
oceanic circulation responses to surface wind stress and/or
buoyancy fluxes associated with atmospheric circulation variability
(e.g., Eden and Willebrand 2001; Frankignoul et al. 2001;
Kwon and Frankignoul 2012; Barrier et al. 2014; Yeager 2015;
Delworth et al. 2017). Evidence has also emerged that North
Atlantic SST variability may itself influence the atmospheric
circulation (e.g., Gastineau and Frankignoul 2015; Wills et al.
2016; Ruggieri et al. 2021; Kwon et al. 2020; Famooss Paolini
et al. 2022) and hence may reflect two-way interactions be-
tween the atmosphere and ocean. For example, studies have
hypothesized that a positive feedback between the NAO and
SST anomalies can enhance the low-frequency climate vari-
ability in the North Atlantic region (Czaja and Frankignoul
2002; Czaja et al. 2003; Ferreira and Frankignoul 2005) and that
dynamical interactions between the atmospheric and oceanic
circulations may promote low-frequency atmosphere—ocean
oscillations (e.g., Bellucci et al. 2008; Sun et al. 2015; Martin
et al. 2019; Wills et al. 2019; Arthun et al. 2021).

Many studies have used climate models to provide insights
about the possible mechanisms of extratropical North Atlan-
tic atmosphere—ocean variability, but these models generally
suffer from biases in the representation of the variability and
mean state of the atmosphere and ocean in the North Atlantic
region. Regarding the variability, there has been reported evi-
dence of overestimated low-frequency variance in extratropi-
cal SSTs in coarse-resolution simulations (Ba et al. 2014) and
multimodel hindcasts (Danabasoglu et al. 2016), while other
studies showed that the amplitudes of Atlantic multidecadal
variability (AMV) simulated by CMIP5 models were gener-
ally underestimated (e.g., Cheung et al. 2017; Murphy et al.
2017; Yan et al. 2018). Likewise, model deficiencies have been
demonstrated for the variability of the extratropical atmo-
spheric circulation, including underestimated decadal variabil-
ity of the extratropical jet and the NAO (e.g., Simpson et al.
2018; Kim et al. 2018; O’Reilly et al. 2021). Regarding the
mean state, major model biases in the SST climatology have
been linked to misrepresentations of the Gulf Stream and its
extension (e.g., Danabasoglu 2008; Danabasoglu et al. 2013;
Chassignet et al. 2020) and to aspects of the extratropical at-
mospheric circulation, such as the position and strength of the
eddy-driven jet and the associated blocking frequency (Scaife
et al. 2011; Keeley et al. 2012; Lee et al. 2018; Athanasiadis
et al. 2022). There is also evidence that biases in the mean
state and variability of the North Atlantic are related. For ex-
ample, Danabasoglu et al. (2016) suggested that model biases in
the patterns and magnitudes of extratropical SST anomalies
were partly due to biases in mean SSTs resulting from an incor-
rect representation of the North Atlantic Current. Furthermore,
Menary et al. (2015a) found that CMIP5 biases in the mean
SST and sea surface salinity in the Labrador Sea region were re-
lated to biases in the salinity control versus temperature control
of upper-ocean density anomalies in this region.

One possible source of such model biases is insufficient
grid resolution. With a resolution that is too coarse, small-scale
processes like mesoscale ocean eddies and atmospheric convec-
tion must be parameterized. Ocean model resolution is also
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important for resolving bottom topography, which can influence
the orientation and strength of ocean currents. For example,
increased ocean model resolution generally improves the repre-
sentation of the Gulf Stream, leading to improvements in SSTs
and air-sea heat fluxes around this region, particularly in the
Gulf Stream Extension area (e.g., Bryan et al. 2007; Small et al.
2019; Bellucci et al. 2021; Athanasiadis et al. 2022). Increased
ocean model resolution tends to be associated with a stronger
and more realistic mean subpolar gyre and AMOC (e.g., Hewitt
et al. 2020; Hirschi et al. 2020; Roberts et al. 2020; Meccia et al.
2021), which enhances poleward heat transport and improves
simulation of the mean SSTs, sea surface salinity, and sea ice
cover in the high-latitude North Atlantic (Hewitt et al. 2016;
Grist et al. 2018; Menary et al. 2018; Docquier et al. 2019).
Increased model resolution in both the atmospheric and oce-
anic components has been linked to improvements in some
aspects of the atmospheric circulation over the North Atlantic,
such as the atmospheric response to Gulf Stream variability
(e.g., Famooss Paolini et al. 2022) and atmospheric blocking
over Europe and Greenland (e.g., Schiemann et al. 2020;
Athanasiadis et al. 2022).

In this study, we investigated the impacts of increasing
model resolution on the representation of North Atlantic
atmosphere—ocean variability by analyzing multimodel output
from HighResMIP simulations. Previous studies have used
model output from HighResMIP to provide insights about
the impacts of increased horizontal model resolution on the
AMOC (Roberts et al. 2020; Jackson et al. 2020), the gyre cir-
culations (Meccia et al. 2021), deep convection in the Labra-
dor Sea (Koenigk et al. 2021), air-sea interactions over the
Gulf Stream (Bellucci et al. 2021), the atmospheric response
to Gulf Stream variability (Famooss Paolini et al. 2022), atmo-
spheric blocking (Schiemann et al. 2020), Euro-Atlantic
weather regimes (Fabiano et al. 2020), and relationships be-
tween the mean SSTs and the eddy-driven jet (Athanasiadis
et al. 2022). However, model output from HighResMIP has
not yet been used to examine the impacts of increased model
resolution on the large-scale variability of North Atlantic
SSTs, and the associated variability in the atmospheric and
oceanic circulations. The purpose of this study is thus to pro-
vide more robust conclusions regarding the impacts of in-
creasing model resolution on the representation of large-scale
atmosphere—ocean variability in the North Atlantic compared
to studies focusing on single models.

2. Methods
a. Model output and observation-based data

The multimodel output analyzed in this study follows the High-
ResMIP protocol (Haarsma et al. 2016), which offers a unified
framework for investigating the impacts of model resolution on
the simulated climate. The model output was primarily produced
by the PRIMAVERA (Process-Based Climate Simulation: Ad-
vances in High Resolution Modelling and European Climate
Risk Assessment) project, which includes output from CMCC-
CM2 (Cherchi et al. 2019), CNRM-CM6 (Voldoire et al. 2019),
EC-Earth3P (Haarsma et al. 2020), ECMWF-IFS (Roberts et al.
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TABLE 1. HighResMIP models analyzed in this study. Columns indicate the model name, the atmospheric grid spacing at 50°N,
nominal oceanic grid spacing, the number of ensemble members for the historical and control runs, and the model resolution
categorization (LR, MR, or HR) as defined in the text. The models in boldface indicate the models with multiple members in the

historical runs.

Atmospheric Oceanic No. of members No. of members
No. Model grid (km) grid (km) (hist-1950) (control-1950) Resolution
1 CMCC-CM2-HR4 64 25 1 1 MR
2 CMCC-CM2-VHR4 18 25 1 1 HR
3 CNRM-CM6-1 142 100 1 1 LR
4 CNRM-CM6-1-HR 50 25 1 1 MR
5 EC-Earth3P 71 100 3 3 LR
6 EC-Earth3P-HR 36 25 3 3 HR
7 ECMWF-IFS-LR 50 100 8 1 LR
8 ECMWEF-IFS-MR 50 25 - 1 MR
9 ECMWF-IFS-HR 25 25 6 1 HR
10 HadGEM3-GC31-LL 135 100 8 1 LR
11 HadGEM3-GC31-MM 60 25 - 1 MR
12 HadGEM3-GC31-HM 25 25 6 1 HR
13 MPI-ESM1-2-HR 67 40 1 1 LR
14 MPI-ESM1-2-XR 34 40 1 1 MR
15 CESM1-CAMS-SE-LR 60 100 1 1 LR
16 CESM1-CAMS5-SE-HR 20 10 1 1 HR

2018), HadGEM3-GC31 (Roberts et al. 2019), MPI-ESM1-2
(Gutjahr et al. 2019), and AWI-CM-1.0 (Sein et al. 2017). How-
ever, AWI was not analyzed due to missing output. We also an-
alyzed model output from CESM1-CAMS (Meehl et al. 2019;
Hurrell et al. 2020a,b), which was not part of PRIMAVERA.
Note that nearly all climate models analyzed in this study use
the same ocean model component, NEMO, except for the MPI
model, which uses MPIOM1.63 and the CESM model, which
uses POP2. Both historical (hist-1950) and control (control-
1950) runs were analyzed for each model, which in some cases
provide multiple realizations (ensemble members) with slightly
varying initial conditions (Table 1). As documented in Haarsma
et al. (2016), the historical simulations were integrated for
65 years with observed radiative forcings corresponding to the
19502014 period, whereas the control simulations were inte-
grated for 100 years with constant radiative forcings correspond-
ing to the year 1950.

As shown in Table 1, each model generally provides output
for a lower-resolution and higher-resolution configuration. How-
ever, in CMCC-CM2 and MPI-ESM1-2 only the resolution of
the atmospheric component was increased. In addition to their
lower- and higher-resolution configurations, ECMWEF-IFS and
HadGEM-GC31 also provide a set of runs with low-resolution in
the atmosphere model and high-resolution in the ocean model
(affixed with “MR” and “MM” respectively in Table 1), which
we analyzed in order to isolate the impact of increased ocean
model resolution alone.

Since the exact atmospheric and oceanic model resolutions
differ between models, we defined low-resolution (LR) mod-
els as those with atmospheric resolution = 50 km at 50°N and
a nominal oceanic resolution > 25 km, and high-resolution
(HR) models as those with atmospheric resolution < 50 km
at 50°N and a nominal oceanic resolution = 25 km. The re-
maining models are defined as medium-resolution (MR) mod-
els, which have an LR atmosphere model and an HR ocean
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model, or vice versa. With these definitions, nearly all of
the LR models have ~1° oceanic resolution and nearly all of
the HR models have ~0.25° oceanic resolution, whereas the
atmospheric resolution is more variable among models.
Furthermore, four out of the seven models have both LR
and HR configurations: ECMWEF, EC-Earth, HadGEM and
CESM. The remaining models (CNRM, CMCC, and MPI)
have only MR and LR or MR and HR configurations. To ac-
count for the large internal variability inherent to the extra-
tropics, we focused our analyses on models with multiple
members in the LR and HR historical runs, namely ECMWF,
EC-Earth, and HadGEM (the models in bold in Table 1).
Hence, multimodel means for the LR and HR models were cal-
culated from these three models, unless otherwise specified. A
subset of analyses was performed for all models.

From the model output, we acquired monthly-averaged SST,
surface heat fluxes (sum of sensible, latent, and radiative heat
fluxes), sea level pressure (SLP), meridional ocean currents,
mixed layer depth (MLD), and ocean salinities and temperatures
averaged over the upper 500 m. Model output was also com-
pared to the ERAS atmospheric dataset (Hersbach et al. 2020)
and to the optimally interpolated EN4 oceanic dataset, version
422 (Good et al. 2013). Monthly-averaged SST, surface heat
fluxes, and SLP were acquired from ERAS between 1959 and
2021 and upper-ocean salinities and temperatures were acquired
from EN4 over the same period. We did not compare the simu-
lated ocean currents with observational estimates because of lim-
ited temporal and spatial coverage of observations for ocean
currents over the historical period as well as discrepancies among
ocean reanalyses in the variability of the ocean circulation over
the last few decades (Karspeck et al. 2017; Jackson et al. 2019).

b. Calculation of anomalies

To analyze the climate variability, monthly anomalies were
first calculated by subtracting the climatological monthly
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mean from each field. For the historical output, ERAS, and
EN4 data, we removed the component of the fields at each
grid point that is linearly related to the global-mean SST in
order to help reduce the impact of external radiative forcings
that have been linked to North Atlantic SST variability (e.g.,
Bellomo et al. 2018; Murphy et al. 2021). Although there are
more effective methods to do so, removing the linear regres-
sion onto the global-mean SST is generally preferable to re-
moving the linear trend (Frankignoul et al. 2017; Deser and
Phillips 2021). For the control runs, the linear trend was re-
moved in order to reduce climate drift (Haarsma et al. 2016).
In general, either winter-mean [December-March (DJFM)]
or annual-mean anomalies were analyzed to investigate the
interannual variability, and a 7-yr low-pass Butterworth filter
was applied to isolate the low-frequency (decadal to multide-
cadal) variability. The main results are rather insensitive to
whether winter or annual-mean anomalies are used.

¢. Calculation of horizontal upper-ocean streamfunction
and overturning streamfunction

Different components of the ocean circulation were quantified
by calculating a horizontal upper-ocean streamfunction (Wsy) and
an overturning streamfunction (W) from the meridional currents
in the North Atlantic basin adopting methods from Marzocchi
et al. (2015). For W5y, the meridional currents (v) were vertically
integrated over the upper 500 m of the ocean, and then zonally in-
tegrated from each point to the eastern boundary; that is,

0 X,
Wooolx, y) = —JLSOOJ. v(x', y, z)dx'dz, 1)

where x, denotes the eastern boundary of the North Atlantic
basin at latitude y and depth z.

For ¥y, the meridional currents were zonally integrated
and then depth-integrated as follows:

0 prx,
V(. 2) :f j o(x, . 2')dxdz’, @
z Jx,

where x,, corresponds to the western boundary in the North
Atlantic basin at latitude y and depth z’. Prior to calculating the
streamfunctions, the ocean currents were spatially smoothed with
a 2D Gaussian kernel filter applied to a 5° X 5° box with a stan-
dard deviation equal to 2. The purpose of the spatial smoothing
is to remove the smaller-scale variability of ocean currents and
hence target the larger-scale variability that we are interested in.

d. Indices of variability

The leading principal components (PCs) of SST and Wsq
anomalies in the North Atlantic were calculated by EOF anal-
ysis over 0°-70°N, 0°-90°W using fields that have been spa-
tially weighted (e.g., North et al. 1982; Baldwin et al. 2009)
and concatenated across all ensemble members. We also used
a station-based NAO index (Hurrell 1995) calculated from
the standardized difference in monthly SLP anomalies be-
tween Lisbon, Portugal, and Reykjavik, Iceland, but other
metrics of the atmospheric circulation variability were also
tested (e.g., PC1 of SLP).
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For analyses focused on the subpolar region, a subpolar
SST index was defined by taking the area-weighted average of
the SST anomalies within 50°-65°N, 5°-60°W (yellow box in
Fig. 1), while a subpolar horizontal upper-ocean streamfunction
index was calculated by taking the area-weighted average of
W5 over a slightly broader region centered over the subpolar
gyre (45°-65°N, 5°-60°W; yellow box in Fig. 4). As a measure of
the variability of the upper branch of the overturning circulation
in the extratropics, an AMOC index was calculated by averag-
ing ¥, between 40° and 60°N and between 500-2000 m depth.

e. Statistical significance testing

The statistical significance of lead-lag correlations between
low-pass filtered variables was tested following a parametric
bootstrapping method from Danabasoglu et al. (2016), which
assumes that the annual-averaged anomalies of the variables
being considered (e.g., the AMOC and subpolar SST) can be
modeled as red noise with variance and lag-1 autocorrelation
estimated from the model time series. Then, for each given
lag, we tested the null hypothesis that the two time series are
independent and have zero correlation. In practice, the statis-
tical significance of the multimodel mean cross-correlations
between two low-pass filtered variables was tested in the fol-
lowing way: we constructed 5000 samples of two independent
time series of length N from a first-order autoregressive process
with variance and lag-1 autocorrelation estimated from the model
time series (unfiltered) being considered, where N is the number
of years in the model time series. Low-pass filtering was applied
after constructing the samples and then the correlation coefficient
was computed for each of the 5000 samples at each lag. This pro-
cedure was repeated for each of the model runs in the multimo-
del mean correlation, and the results were averaged. If the actual
multimodel mean correlation was found to be above 99.5% or
below 0.5% of the 5000 samples of multimodel mean correla-
tions, the correlation was considered statistically significant at the
1% level. A similar approach was followed for ERAS, ex-
cept the 5% significance level was used.

f- Salinity versus temperature control of
density anomalies

The salinity control versus temperature control of upper-
ocean density anomalies was assessed following the method
from Menary et al. (2015a), which assumes a linear decompo-
sition of the equation of state into salinity- and temperature-
related variations. First, the upper-ocean density (psgo) was
calculated with the equation of state from the 0-500 m depth-
averaged salinity and temperature fields. Then, the compo-
nent of the density that arises only from salinity variations
(ps.s00) or only from temperature variations (pzs00) Was calcu-
lated by holding temperature or salinity constant, respec-
tively, at its climatological-mean value in the equation of
state. This linear decomposition of the nonlinear equation of
state is valid because ocean salinity and temperature anomalies
are relatively small so that piy, =~ pf 509 + p7 509, Where the prime
denotes an anomaly. Finally, the salinity- versus temperature-
control of density anomalies (psysTeontror) Was defined as in Menary
et al. (2015a) by regressing pso) onto psspo anomalies (denoted as



15 DECEMBER 2023

60°W

60°W 30°W

-0.8 -0.4

PATRIZIO ET AL.

60°W

60°W

0.0

8407

30°W

30°W

0.4 0.8

K

FIG. 1. Leading EOF of winter-mean (DJFM) SST anomalies (shading; K) calculated over the North Atlantic (0°-
70°N, 0°-90°W), and SLP anomalies regressed onto the respective PCs (contours; 0.6 hPa interval and dashed con-
tours are negative) for (a) ERAS, (b)-(d) the HR historical runs, and (e)-(g) the LR historical runs. The percentage
of the total variance explained by each leading EOF is shown at the top right of each panel. The yellow box indicates

the averaging region used to define the subpolar SST index.

FScontrol), TEEIESSING psop onto pr.sp anomalies (denoted as rrcontrol),
and subtracting the difference between the resulting regression
coefficients (i'e'v PSvsTeontrol = TScontrol — 7* Tcomrol)- Thusa positive
values of psvsTeontrol indicate that psy variations are dominated by
salinity anomalies, whereas negative values indicate that psy varia-
tions are dominated by temperature anomalies.

3. Improved representation of large-scale SST variability
in the HR simulations

a. Leading EOF of SST and associated SLP anomalies

We begin by discussing the representation of large-scale
SST variability in the North Atlantic and its relationship with
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the atmospheric circulation in ERAS and the historical runs
for the LR and HR models. Figure 1a shows the leading EOF
of North Atlantic SSTs and SLP regressed onto the leading
PC of North Atlantic SSTs for ERAS computed from winter-
mean (DJFM) data, when atmosphere—ocean interactions are
generally strongest. In ERAS (Fig. 1a) and the HR models
(Figs. 1b—d), the leading EOF of SSTs has a tripole-like struc-
ture and the associated SLP anomalies project significantly
onto the NAO, which is consistent with prior observational
studies (e.g., Cayan 1992; Visbeck et al. 2003; Deser et al.
2010). However, the LR models fail to capture the observed
SST pattern and the associated NAO-like pattern of SLP
anomalies (Figs. le—g). These models generally overestimate
the SST variability in the subpolar North Atlantic region
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FIG. 2. (a) Power spectra of the subpolar SST index (K yr) calculated with annual-mean anomalies from the historical
runs (solid lines), control runs (dashed lines), and ERAS (black line). Multimodel ensemble-mean spectra are calculated
from the LR model runs (blue lines) and the HR model runs (red lines) and the associated spread across models runs
indicated by transparent shading. (b) As in (a), except for the NAO index (hPa® yr) calculated with unstandardized

DIJFM-mean anomalies.

(45°-65°N) compared to ERAS5, while associated SLP
anomalies are weak and incoherent across models. Indeed,
the correlation between the NAO and the subpolar SST in-
dex (SST anomalies averaged over the yellow box in
Fig. 1) is not significantly different from zero for the multi-
model mean of these three LR models, while the correla-
tion is —0.50 for the multimodel mean of the HR models
and —0.75 for ERAS.

The multimodel mean spectra of the subpolar SST index
for these models indicate that the LR configurations (Fig. 2a;
blue lines) exhibit greater power on decadal to multidecadal
time scales compared to ERAS and the respective HR config-
urations (Fig. 2a; red lines). Note that we did not detect statis-
tically significant peaks (at the 5% significance level) on these
time scales in the subpolar SST spectra for either the LR or
HR multimodel mean or for ERAS, under the null hypothesis
that the subpolar SST variability can be approximated as red
noise. Consistent with the redder subpolar SST spectrum in
the LR models, the multimodel ensemble mean lag-1 autocor-
relation (r;) of the subpolar SST index is larger in the histori-
cal LR model runs (r; = 0.79) than in the historical HR
model runs (r; = 0.55) and ERAS (r; = 0.62), with the control
runs showing similar discrepancies (r; = 0.88 and r; = 0.61
for the LR and HR models, respectively). Hence, these results
imply that the bias in the LR models is related to the low-
frequency component of the variability and that this cannot be
explained by variations in external radiative forcing. Indeed, the
patterns of SLP and SST anomalies in Fig. 1 are qualitatively
similar when applying a 7-yr low-pass filter to the fields prior to
calculating the leading EOF of SST for both historical and con-
trol runs, except with somewhat underestimated amplitude in
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the HR models compared to ERAS (Fig. S1 in the online
supplemental material).

b. Role of the NAO

It is possible that the discrepancies in atmosphere-ocean
variability between the LR and HR models could be partly
explained by discrepancies in the power spectrum or variance
of the NAO. For example, the stronger correlation between
the NAO and SSTs in the HR models could be explained by a
stronger NAO-SST feedback, which would act to enhance
the persistence and low-frequency variance of the NAO in
the HR models. However, this does not appear to be the case
as the multimodel mean spectra of the unstandardized NAO
index are approximately white and with similar amplitudes in
the LR and HR model runs (Fig. 2b). The similar atmospheric
forcing of SSTs in the LR and HR models is also reflected by
a similar pattern of surface heat fluxes regressed onto the
NAO index in both cases (not shown).

Interestingly, the NAO appears to have more low-frequency
power in ERAS than the LR and HR models, and consistently
the NAO’s persistence ; = 0.27 exceeds the maximum 7, across
all model runs. This is consistent with previous studies showing
that climate models generally underestimate the low-frequency
variance of the extratropical atmospheric circulation (e.g., Kim
et al. 2018; Simpson et al. 2018; O’Reilly et al. 2021) and could
be related to the misrepresentation of atmosphere—ocean feed-
backs, eddy—mean flow interactions, and/or atmospheric tele-
connections (e.g., Scaife and Smith 2018; Smith et al. 2019).
However, this is seemingly inconsistent with results from
Siqueira and Kirtman (2016) and Menary et al. (2018) showing
that similar biases in the extratropical atmospheric circulation
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FIG. 3. Cross-correlation between the subpolar SST index and the surface heat fluxes (Qy) averaged over the same
region used to define the subpolar SST index for (a) the historical runs and (b) the control runs. The correlation for
ERAS is shown in each panel (black line). Negative lags indicate that the surface heat fluxes lead the subpolar SST in-
dex. Surface heat fluxes are defined as positive upward (i.e., heat loss by the ocean). Multimodel ensemble-mean cor-
relations are calculated from the LR model runs (blue lines) and HR model runs (red lines) with the associated spread
across the model runs indicated by transparent shading. Correlations that are found to be statistically significant (see
section 2e) are indicated by round markers. All indices were calculated from 7-yr low-pass filtered DJFM-mean

anomalies.

can be mitigated with higher model resolution. The apparent
discrepancy with our findings could be due to the shorter
60-100-yr simulation period of HighResMIP compared to the
multicentennial simulations of Menary et al. (2018), the coarser
0.25° oceanic resolution of the HighResMIP simulations com-
pared to the higher 0.1°-resolution simulations of Siqueira and
Kirtman (2016), and/or model differences in the representation
of processes that may drive low-frequency variability of the
NAO.

Overall, these results indicate that the discrepancies in
atmosphere—ocean variability between the LR models and
ERAS/HR models are not caused by discrepancies in the NAO,
and hence are likely related to the ocean circulation. This is indi-
rectly supported by multimodel mean cross-correlation between
low-pass filtered surface heat fluxes and the subpolar SST index
for the historical runs (Fig. 3a) and control runs (Fig. 3b). Nota-
bly, the negative correlation between surface heat fluxes and
SSTs at around lags of 0-1 years in ERAS and the HR models
is consistent with subpolar SST anomalies being driven by the
surface heat fluxes, but the positive correlation in the LR models
is consistent with subpolar SST anomalies being damped by the
surface heat fluxes. While not conclusive evidence, this suggests
that ocean heat flux convergence anomalies may be driving the
overestimated subpolar SST variability in the LR models.

Although the relationship between subpolar SSTs and sur-
face heat fluxes is significantly improved in the HR models,
Fig. 3 also indicates two notable discrepancies with ERAS.
First, ERAS shows a statistically significant positive correla-
tion when the surface heat fluxes lead the SSTs by 15 years,
which is not captured by the multimodel ensemble means of
either the LR or HR models. Prior studies have interpreted
such a relationship as the delayed response of the AMOC to
the NAO (e.g., Delworth et al. 2017), suggesting that this
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ocean circulation response is not correctly represented even
by HR models. However, some individual historical runs ex-
hibit such positive correlations at large lags (see transparent
shading in Fig. 3a) and hence the lagged correlation for
ERAS is within the spread of the models. Second, ERAS also
exhibits stronger negative correlations when the surface heat
fluxes lag the SSTs. This is consistent with less persistent at-
mospheric forcing of subpolar SSTs in the models, possibly
arising from underestimated atmosphere—ocean feedbacks as
previously discussed.

4. Explaining the discrepancies between the LR and HR
simulations: The role of the ocean circulation

In the following sections, we support the findings in the pre-
vious section by discussing the variability of the horizontal
upper-ocean circulation and the AMOC. Unless otherwise
indicated, results shown are calculated from 7-yr low-pass
filtered annual-mean anomalies from the control runs, which
better resolve the low-frequency component of the variability
and generally show clearer discrepancies between the LR and
HR models than the historical runs (e.g., see Figs. 3a,b).

a. Horizontal upper-ocean circulation

Figure 4 shows the leading EOF of low-pass filtered upper-
ocean streamfunction anomalies, Wsq, (defined in section 2c).
The dominant pattern of low-frequency variability in Wso
clearly differs between the LR and HR models. On the one
hand, the LR models generally exhibit the largest amplitude
Wsqo variability around the subpolar gyre (dashed lines) and
hence represent changes in the strength and position of the
subpolar gyre. On the other hand, the HR models generally
exhibit the largest sy amplitude in a narrower midlatitude
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FIG. 4. The leading EOF of low-pass filtered s, anomalies [shading; Sv (1 Sv = 10° m® s™1)] calculated over the North Atlantic
(0°-70°N, 0°-90°W) for the (a)-(c) HR control runs and (d)-(f) LR control runs. The climatological mean Vs, is indicated by contours
(5 Sv interval). The percentage of the total variance explained by the leading EOF is shown at the top right of each panel. The yellow box

indicates the region used to define the subpolar Wsg, index.

region between the subpolar and subtropical gyres. We inter-
pret the latter as variability of the Gulf Stream (e.g., meridio-
nal shifts) as opposed to variability of the intergyre gyre,
which is associated with barotropic (i.e., depth-integrated) cir-
culation anomalies that more broadly traverse the boundary
between the subpolar and subtropical gyres (e.g., Marshall
et al. 2001b; Barrier et al. 2014; Meccia et al. 2021).

The results suggest that the upper-ocean subpolar gyre has
greater low-frequency variability in the LR models than in
the HR models, which could drive the bias in subpolar SSTs
in the LR models. Indeed, Fig. Se indicates that the standard
deviations of the low-pass filtered subpolar SST and W5 indi-
ces are positively correlated across all model runs (r = 0.74)
with LR model runs (circle markers) generally having larger
variances in both indices compared to HR model runs
(diamond markers). This is reflected by averages across the
LR and HR model runs (solid black markers), which also
clearly indicate that the LR model runs overestimate the low-
frequency variance of the subpolar SST index compared to
ERAS (vertical black line) while the HR model runs are
closer to ERAS. The main exceptions are the LR runs of
CNRM, MPI, and CESM, which provide only one member
but exhibit more realistic subpolar SST variance like the HR
runs. Possible explanations for these model differences are
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discussed in later sections. It is also noted that the LR model
runs exhibit more spread and a stronger correlation between
the standard deviations of the SST and W5 indices (r = 0.59)
compared to the HR models (r = 0.36). This could be because
the surface heat fluxes likely play a relatively more important
role than ocean circulation in driving subpolar SST anomalies
in the HR models (Figs. 3a,b).

The greater low-frequency variability of the subpolar ocean
in the LR models is also reflected by the autocorrelations for
low-pass filtered subpolar SST and W5, indices and the re-
spective leading PCs (Figs. 5a-d). Clearly, these indices are
more persistent in the LR models compared to the HR mod-
els (and ERAS in the case of the SST indices). In general, the
results shown in Fig. 5 suggest that understanding the causes
of the greater persistence/low-frequency variance of the ocean
circulation in the LR models is key to understanding the over-
estimated low-frequency variability in subpolar SSTs in these
models.

Since variability of the subpolar gyre and the Gulf Stream
(represented by the leading EOF of W5, in the LR and HR
models, respectively) has been linked to delayed ocean re-
sponses to NAO-related wind stress and buoyancy fluxes
(e.g., Joyce et al. 2000; Curry and McCartney 2001; Eden
and Willebrand 2001; Frankignoul et al. 2001; Lohmann
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et al. 2009), we calculated the lagged correlation between the
NAO and the leading PCs of W5y and SST (Fig. 6). However,
we found no statistically significant lagged correlation between
the NAO and PCl1 of ¥sy (Fig. 6b) nor with PC1 of SST
(Fig. 6a) in the LR models. Therefore, the ocean circulation-
driven subpolar SST variability in the LR models, as evi-
denced by the positive correlation between PC1 of W5y, and
PC1 of SST (Fig. 6c; blue line), is not related to the NAO. In
contrast, there is a statistically significant lagged correlation be-
tween the NAO and PC1 of W5y, in the HR models, which is
consistent with previous studies showing that low-frequency var-
iability in the Gulf Stream tends to lag the NAO by a few years
(e.g., Frankignoul et al. 2001; Famooss Paolini et al. 2023,
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manuscript submitted to J. Climate). The correlation between
the NAO and PC1 of SST also exhibits a similar peak at a lag of
1-2 years in the HR models and ERAS (Fig. 6a), which is con-
sistent with the improvement in the NAO-SST relationship in
the HR models. Although ocean models with low resolution
can simulate the Gulf Stream response to the NAO (e.g.,
de Coétlogon et al. 2006), we found that the NAO has a stron-
ger correlation with W5y and SST anomalies averaged over the
Gulf Stream region in the HR models compared to the LR
models analyzed in this study (Fig. S2). This suggests that the
NAO-Gulf Stream relationship is strengthened in the HR mod-
els, possibly from the effects of ocean eddies and atmosphere—
ocean feedbacks that are either unresolved or misrepresented in
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FIG. 6. Cross-correlation between low-pass filtered (a) NAO and leading PC of SST anomalies, (b) NAO and leading PC of W5, anom-
alies, and (c) leading PC of W5, and SST anomalies. In (a) and (b) negative lags indicate that the NAO leads the other indices, and in
(c) negative lags indicate that W5, leads SST. Correlations are calculated for the multimodel mean of the LR control runs (blue lines) and
HR control runs (red lines) with the associated spread across model runs indicated by the transparent shading. Correlations for ERAS5 are
calculated in (a) only (black line). Correlations for the MR runs from ECMWF and HadGEM (see Table 1) are also shown in each panel
(orange lines). Correlations that are found to be statistically significant (see section 2e) are indicated by round markers.

the LR models (e.g., Siqueira and Kirtman 2016; Bellucci et al.
2021; Famooss Paolini et al. 2022; Tsartsali et al. 2022).

Figure 6 indicates that the greater low-frequency variability
of the ocean circulation in the LR models is related to ocean
variability that is not directly driven by the NAO. It is also
noted that PC1 of W5y, in the LR models is not related to
significant SLP anomalies at any lag (not shown) and thus
no atmospheric pattern seems involved. We refer to this non-
atmospheric-driven variability as intrinsic ocean variability.
Supporting the role of ocean processes, the improved NAO-
SST—¥s5 correlation in the HR models appears to be largely
related to increased resolution in the ocean model component
since the improvements are similar in the MR configurations
of ECWMF and HadGEM (orange curves in Fig. 6), in which
only the ocean resolution was increased.

b. AMOC

In this section, we explore whether the AMOC plays a
role in the overestimated intrinsic subpolar ocean variabil-
ity in the LR models, since previous modeling studies have
reported AMOC-related SST variability in the subpolar
region at low-frequency time scales (e.g., Zhang 2008; Ba
et al. 2014; Muir and Fedorov 2015; Buckley and Marshall
2016), as well as substantial intrinsic variability in the
AMOC (e.g., Delworth and Zeng 2012; Jiang et al. 2021;
Liu and Fedorov 2022; Meccia et al. 2023; Wei and Zhang
2022).

]) SALINITY- VERSUS TEMPERATURE-CONTROLLED
UPPER-OCEAN DENSITY ANOMALIES

The analysis of the AMOC is first motivated by discussing
the upper-ocean density (i.e., depth-integrated between
0 and 500 m; psgo) and MLD anomalies associated with sub-
polar ocean variability since MLD anomalies are related to
variability in oceanic convection and psgo anomalies are re-
lated to buoyancy-driven variability in the ocean circulation
and hence the AMOC (e.g., Yeager and Danabasoglu 2014;
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Ortega et al. 2017, 2021). We estimated the observed psoo
from upper-ocean salinities and temperatures using EN4
data, but we did not estimate observed MLDs from EN4 be-
cause ocean observations at greater depths are sparse be-
fore the year 2000 when Argo floats were not available
(Koenigk et al. 2021) and hence this would contribute to
substantial uncertainty in the low-frequency variability of
the observed estimate of MLDs.

Strikingly, the patterns for psoo and MLD regressed onto
the subpolar SST index are roughly opposite between the LR
and HR models (Figs. 7b—g). The LR models exhibit warm
subpolar SSTs together with positive psgp anomalies and
MLD deepening (red contours) in the Labrador-Irminger
Seas, whereas the HR models exhibit warm subpolar SSTs
together with negative psoy anomalies and MLD shallowing
(blue contours) in this region. The pattern of psgp anomalies
in the HR models also appears more realistic, as it is more
consistent with the psgy pattern derived from EN4 observa-
tions (Fig. 7a).

Since warm SSTs act to reduce psgp, the subpolar tempera-
ture anomalies cannot be the driver of the positive psoo anom-
alies in the subpolar region in the LR models, where psgo
anomalies and convection (MLD deepening) must be driven
by upper-ocean salinity anomalies. This is opposite to the HR
models where the subpolar psy anomalies and convection
(MLD shallowing) seem to be driven by upper-ocean temper-
ature anomalies. Indeed, Figs. 7h-n show that subpolar SST
variability is associated with salinity-related psoy anomalies
(psso0; pink shading) in the LR models, whereas subpolar
SST variability is associated with temperature-related psgo
anomalies (prso0; green shading) in the HR models and
observations.

Why are subpolar psyy anomalies related to salinity in the
LR models, but to temperature in the HR models and in ob-
servations? To explain this central result, we turn to a key
study by Menary et al. (2015a), which revealed a strong corre-
lation between CMIPS biases in the salinity control versus
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FIG. 7. Upper-ocean density (psy) anomalies regressed onto the standardized subpolar SST index (shading; kg m™~>) for (a) psy) anoma-
lies calculated from EN4 observations and the subpolar SST index calculated from ERAS, (b)-(d) the HR control runs, and (e)—(g) the
LR control runs. In (b)-(g), MLD anomalies regressed onto the standardized subpolar SST index are also shown (contours; m). The
MLD contour interval is indicated in the lower-right side of each panel. Positive MLD anomalies are indicated by red contours and nega-
tive MLD anomalies are indicated by blue contours. (h)-(n) As in (a)-(g), but for the difference in magnitudes of the salinity component
of pspo anomalies (psse) and temperature component of psy anomalies (pr7;500) regressed onto the standardized subpolar SST index

(shading; kg m ). All fields were low-pass filtered before calculating the regressions.

temperature control of psgy anomalies in the Labrador Sea to
biases in mean salinity and temperature in this region. As dis-
cussed in Menary et al. (2015a), this can be explained by the
nonlinearity of the equation of state for seawater. In particu-
lar, salinity perturbations have a greater impact on density
when the mean temperature is cooler and mean salinity is
lower, whereas temperature perturbations have a greater
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impact on density when the mean temperature is warmer and
the salinity is higher (see Fig. S3 for an illustrative case).
Considering this dependence, Figs. 8a and 8b explore whether
the models in this study exhibit a relationship between mean
upper-ocean salinity (Ssop) and temperature (7o) biases in the
Labrador-Irminger Seas and the salinity versus temperature
control of psy anomalies (psysteontro; defined in section 2f)
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ation of the low-pass filtered subpolar SST index (K).

averaged over this region (yellow box in Fig. 7). Indeed, the
models considered here exhibit convection anomalies in this re-
gion in association with subpolar SST variability, and hence this
is a key region for linking the AMOC with subpolar SST vari-
ability in these simulations. This is also generally the case for
CMIPS models (Ortega et al. 2021), but there is ongoing debate
regarding the precise location of deep convection in the North
Atlantic and its links to the AMOC in reality (Lozier et al. 2019;
Petit et al. 2020; Menary et al. 2020; Megann et al. 2021; Yeager
et al. 2021). Note that maps of multimodel mean Ssqoy and T
biases are shown in Fig. S4.

Consistent with Menary et al. (2015a), Figs. 8a and 8b show
a significant negative correlation between psystcontrol and
mean Ssop bias (r = —0.84) as well as mean Tsqy bias (r =
—0.64) in this region. The LR models also generally exhibit
colder and fresher Labrador-Irminger Seas and salinity-
controlled density anomalies (psystcontrol > 0), Whereas the
HR models and EN4 observations exhibit warmer and saltier
Labrador-Irminger Seas and temperature-controlled density
anomalies (psysTeontrol < 0). The main exceptions are the LR
configurations of CESM and MPI, which are more like the
HR models with warmer and saltier Labrador-Irminger Seas.
It is also noted that Menary et al. (2015a) showed that
PsvsTeontrol 1S Positive (salinity-controlled density anomalies)
for EN4 observations averaged over the Labrador Sea. We
also find that psystcontrol 1S positive in the Labrador Sea, but
that psysTeontrol 18 Negative in the Irminger Sea and exceeds
the positive contribution from the Labrador Sea when averag-
ing over both regions.

Figure 8c shows that psystcontrol 1S also correlated with the am-
plitude of subpolar SST variability across all control runs (r =
0.79). Furthermore, the LR models tend to have the largest
standard deviation in the subpolar SST index and salinity-
controlled psoy anomalies, whereas the HR models and observa-
tions indicate a lower standard deviation in the subpolar SST
index and temperature-controlled psy) anomalies. Exceptions to
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this behavior are the LR configurations of CNRM, MPI, and
CESM, which are more similar to the HR models. It is also
noted that the relationship between subpolar SST variance and
PsvsTeontrol Appears to be asymmetric. In particular, models with
PsvsTeontrol = 0 have similar small amplitudes of subpolar SST
anomalies that are essentially uncorrelated with psystcontrols
whereas models with psysteontror > 0 appear to exhibit larger
amplitudes of subpolar SST anomalies that are positively corre-
lated with PSvsTcontrol:

Finally, note that Fig. 8 was produced from the control
runs, but qualitatively similar results were found for the his-
torical runs, except with weaker correlations between varia-
bles (e.g., r = —0.61 for psysTeontrol and mean Ssop, and r =
0.58 for psystcontror and the standard deviation of subpolar
SSTs). The weaker correlations could be due to the spread in
PsvsTeontrol @AMong members over the 65-yr historical simula-
tion period and/or the imperfect removal of the global warm-
il’lg Signal from PSvsTcontrol:

2) SALINITY- VERSUS TEMPERATURE-CONTROLLED
AMOC

In this section, we argue that the salinity control of subpolar
psoo anomalies in LR models versus temperature control of
psoo anomalies in HR models affects the variability of the
AMOC by favoring different feedbacks.

The AMOC transports both heat and salinity into the
North Atlantic subpolar region (e.g., Buckley and Marshall
2016; Johnson et al. 2019). As such, a positive AMOC anom-
aly leads to additional heat transport into the subpolar ocean,
which reduces upper-ocean density in this region, and hence
may eventually reduce deep convection and dampen the ini-
tial AMOC anomaly. However, a positive AMOC anomaly
also leads to additional salinity transport into the subpolar re-
gion, which increases upper-ocean density in this region, and
hence may eventually enhance convection and reinforce the
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between the AMOC and upper-ocean temperature, as described in the text. The black arrows indicate a positive
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lar ocean density anomalies, there is a strengthening of convection and an amplification of the initial AMOC anomaly
(purple arrows). (b) In models that have a greater temperature control of subpolar ocean density anomalies, there is a
weakening of convection and a dampening of the initial AMOC anomaly (green arrows).

initial AMOC anomaly. Therefore, such AMOC-salinity in-
teractions can lead to a positive feedback on subpolar ocean
variability, whereas such AMOC-temperature interactions
can lead to a negative feedback on subpolar ocean variability,
as suggested by previous studies (e.g., Frankignoul et al. 2009;
Delworth and Zeng 2012; Kwon and Frankignoul 2014;
Menary et al. 2015b; Ortega et al. 2017; Reintges et al. 2017;
Oldenburg et al. 2021).
Here we adopt the following hypotheses:

1) The positive feedback between subpolar upper-ocean sa-
linity anomalies and the AMOC is favored in models that
have a greater salinity control of subpolar psy anomalies
(i.e., LR models), as illustrated in Fig. 9a.

2) The negative feedback between subpolar upper-ocean
temperature anomalies and the AMOC is favored in
models that have a greater temperature control of sub-
polar psgo anomalies (i.e., HR models), as illustrated in
Fig. 9b.

The first piece of supporting evidence for our hypotheses is
provided in Fig. 10a, which shows the standard deviation of
low-pass filtered overturning circulation anomalies (V) aver-
aged over 40°-60°N calculated using the LR and HR control
runs from ECMWF, EC-Earth, and HadGEM. The results
clearly indicate that the LR models considered here, and
hence the same models that exhibit salinity-controlled density
anomalies in the subpolar region (Figs. 7 and 8) exhibit
greater low-frequency variance in the AMOC. This is consis-
tent with a stronger positive feedback acting on the AMOC in
the LR models and a stronger negative feedback acting on
the AMOC in the HR models.
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To connect the findings here to those related to the hori-
zontal upper-ocean circulation (Wsg), Fig. 10b shows that the
standard deviation of the AMOC index is positively corre-
lated with that of the subpolar W5y, index across all control
runs (r = 0.77; the correlation decreases to r = 0.62 when
also considering the historical runs). The associated salinity
control versus temperature control of psgy anomalies in the
Labrador-Irminger Seas (psysTeontrol) fOr €ach run is also indi-
cated by the color of each marker (see Fig. S5 for markers
that are colored by the model name instead of psysteontrol)-
Clearly, the model runs with low oceanic resolution generally
have larger variance in both indices and a greater salinity con-
trol of psgy anomalies (circle markers are darker purple) com-
pared to model runs with high oceanic resolution (diamond
markers are green/lighter purple). Note that the coupling be-
tween the subpolar gyre and AMOC is expected from previ-
ous studies (e.g., Larson et al. 2020; Ortega et al. 2021) and is
understood to arise from torque exerted by bottom topo-
graphy (Yeager and Danabasoglu 2014; Yeager 2015). The re-
lationship between the subpolar horizontal circulation and the
AMOC is also supported by correlations between respective in-
dices of variability used in our study (not shown), but with
stronger correlations for the LR models in agreement with re-
sults from Meccia et al. (2021). This could be due to the stronger
positive feedback in the LR models, which may enhance the
correlation between oceanic variables in the subpolar region.

Further supporting evidence for our hypotheses is provided
in Fig. 11, which shows multimodel mean cross-correlations be-
tween the AMOC index and different variables averaged over
the subpolar region (45°-65°N, 5°~60°W) using the LR and HR
control runs from the three models. The variables correlated
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FIG. 10. (a) Standard deviation of low-pass filtered overturning streamfunction anomalies W, (Sv) averaged over 40°~60°N. The multi-
model mean standard deviation is calculated from the LR control runs (blue line) and HR control runs (red line) with the associated
spread across model runs indicated by transparent shading. (b) Standard deviation of low-pass filtered subpolar W5, index (vertical axis;
Sv) vs standard deviation of the low-pass filtered AMOC index (horizontal axis; Sv) as defined in section 2d for all control runs with high
resolution in the ocean model (circle markers) and low resolution in the ocean model (diamond markers). The color of each marker indi-

cates the salinity vs temperature control of pso anomalies (psyTeontrol)

with the AMOC index include S50y and SST anomalies, as well
as MLD and pso anomalies. Note that qualitatively similar rela-
tionships are found for averages over the western portion of the
subpolar region (i.e., the Labrador-Irminger Seas).

The lead-lag correlations shown in Fig. 11 are highly con-
sistent with a positive feedback between the AMOC and
upper-ocean salinity in the LR models and a negative feedback
between the AMOC and SST in the HR models. In particular,
in the LR models, a positive AMOC anomaly is associated
with positive subpolar pspo and MLD anomalies (enhanced
convection) at all lags (Figs. 11a,b), which acts to reinforce the
initial AMOC anomaly. However, in the HR models, a posi-
tive AMOC anomaly leads to negative subpolar psyy and
MLD anomalies (reduced convection), which acts to damp
the initial AMOC anomaly and hence contributes to the
marked asymmetrical lead-lag correlations. Clearly, the asym-
metrical lead-lag correlations in the HR models are related to
subpolar SST anomalies (Fig. 11d), whereas the positive cor-
relations between the AMOC and psoy anomalies in LR mod-
els must be related to subpolar salinity anomalies (Fig. 11c).
Indeed, this is supported by cross-correlations between the
AMOC and temperature- or salinity-related components of
psoo (Fig. S6). Overall, the positive and negative AMOC feed-
back that is favored in the LR and HR models, respectively, is
consistent with the longer time scale of subpolar ocean vari-
ability in the LR models compared to the HR models.

c¢. Possible causes of mean biases in the Labrador—
Irminger Seas

Previous studies have suggested that mean biases in upper-
ocean temperatures and salinities in the subpolar ocean could
be related to the mean strength of the ocean circulation, with
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averaged over the Labrador-Irminger Seas.

lower-resolution models generally having a weaker mean
AMOC and weaker poleward heat and salinity transport, and
hence a colder and fresher subpolar ocean compared to higher-
resolution models (Docquier et al. 2019; Roberts et al. 2019;
Hewitt et al. 2020). These biases have also been suggested to
arise from the simulated orientation of the North Atlantic Cur-
rent, which tends to be too zonal in lower-resolution models
(e.g., Wang et al. 2014; Marzocchi et al. 2015; Drews and Great-
batch 2016; Danabasoglu et al. 2016; Jackson et al. 2020). Addi-
tionally, it has been argued that high-resolution models may
have excessive deep convection in the Labrador Sea (Roberts
et al. 2019; Koenigk et al. 2021), and hence the overestimated
downwelling in this region could contribute to the warm and
salty bias found in some of these models (Figs. 8a,b and Fig. S3).

While a comprehensive diagnosis of the causes of the mean
biases in the Labrador-Irminger Seas is beyond the scope of
this paper, we found that the maximum of the climatological
mean AMOC calculated over the extratropical North Atlantic
domain is positively correlated with the mean Ssqo (r = 0.73)
and mean Tsp (r = 0.84) in the Labrador-Irminger Seas
across all control runs (Figs. 12a,b). The maximum magnitude
of the climatological mean W5 calculated over the subpolar
region was found to be even more strongly correlated with
the mean Sspp (r = 0.90) and similarly correlated with the
mean T’s5g (r = 0.82) in the Labrador-Irminger Seas, with LR
models generally having a weaker mean subpolar Wsg than
HR models (Figs. 12c,d). This is also illustrated in Fig. 4,
which shows weaker mean Wsq (contours) in the subpolar re-
gion in the LR configurations of ECMWF, EC-Earth, and
HadGEM compared to their respective HR configurations.
Interestingly, the LR configurations of MPI and CESM are
exceptions to this, both having a stronger mean AMOC and
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FIG. 11. Cross-correlation between low-pass filtered AMOC index and variables averaged over the broader sub-
polar region (45°-65°N, 5°-60°W), including (a) upper-ocean density anomalies (psoo), (b) mixed layer depth (MLD),
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the associated spread across model runs indicated by transparent shading. Also shown in (a) are the multimodel mean
correlations calculated from all control runs with a greater salinity control of psoo anomalies in the Labrador-Irminger
Seas (purple line) and a greater temperature control of psy anomalies in the Labrador-Irminger Seas (green line).
Correlations that are found to be statistically significant (see section 2¢) are indicated by round markers.

subpolar V59 compared to other LR models. This could also
explain why these models appear to have warmer and saltier
Labrador-Irminger Seas and temperature-controlled density
anomalies in this region (Figs. 8a,b).

5. Concluding discussion

In this study, we assessed the impacts of increased hori-
zontal model resolution on the representation of atmo-
sphere—ocean variability in the North Atlantic using
multimodel output from HighResMIP. The following
were found:

1) Some of the models with low horizontal resolution (i.e., the
LR configurations of ECMWF, EC-Earth, and HadGEM)
overestimate the low-frequency SST anomalies in the sub-
polar region and underestimate their correlation with the
NAO (e.g., Figs. 1 and 2)
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2)

3)

The bias in extratropical atmosphere—ocean variability
is largely reduced when the ocean resolution is in-
creased from ~1.0° to ~0.25° and the improvements
are primarily related to a reduction in intrinsic (i.e.,
non-NAO-driven) variability of the ocean circulation
(e.g., Figs. 5 and 6)

The LR models with excessive subpolar SST variability
also have colder and fresher mean state in the Labrador—
Irminger Seas and a greater salinity control of density
anomalies in this region compared to the EN4 observa-
tional product and the HR models, which generally ex-
hibit a greater temperature control of density anomalies
in this region (e.g., Fig. 8).

We hypothesized that the third finding favors 1) a posi-

tive feedback between the AMOC and subpolar upper-
ocean salinity in the LR models (Fig. 9a) and 2) a negative
feedback between the AMOC and subpolar SST in the HR
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models (Fig. 9b). Supporting evidence included the greater
low-frequency variance of the AMOC in the LR models com-
pared to the HR models (Fig. 10) and lead-lag correlations be-
tween the AMOC and subpolar SST, upper-ocean salinity, and
density anomalies that differ between the LR and HR models
(Fig. 11). Since the AMOC-salinity feedback enhances subpolar
ocean variability independently of the atmospheric circulation
and the AMOC-temperature feedback damps variability of
the ocean circulation, we argue that these mechanisms are ul-
timately responsible for the overestimated intrinsic subpolar
ocean variability in the LR models and the stronger, more
realistic relationship between the NAO and SSTs in the HR
models.

While our results indicate a weaker role for the AMOC
and relatively stronger role for NAO forcing of SST anoma-
lies in the HR models compared to the LR models, they also
seem to suggest that some aspects of the ocean circulation be-
come more strongly linked to the NAO with increased model
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resolution, particularly the Gulf Stream. The stronger NAO-
Gulf Stream relationship in HR models could be related to
the effects of ocean eddies and atmosphere-ocean interac-
tions that are either unresolved or misrepresented in the LR
models (e.g., Siqueira and Kirtman 2016; Famooss Paolini
et al. 2022). Further studies are needed to better understand
how model resolution impacts the complex interactions be-
tween the NAO and the ocean circulation.

Our findings are broadly consistent with previous modeling
studies showing that salinity anomalies play an important role
in North Atlantic variability in coarse-resolution models (e.g.,
Delworth et al. 1993; Frankignoul et al. 2009; Delworth and
Zeng 2012; Ba et al. 2014; Menary et al. 2015a; Jiang et al.
2021; Lai et al. 2022; Liu et al. 2022; Meccia et al. 2023) and
seemingly less important role in higher-resolution models
(e.g., Menary et al. 2015a; Lai et al. 2022). In particular,
Menary et al. (2015a) showed that subpolar upper-ocean density
variability in CMIP5 models is more closely related to salinity
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anomalies in lower-resolution models versus temperature anom-
alies in higher-resolution models due to differing mean states of
the Labrador Sea. Consistently, Ba et al. (2014) showed that
AMOC variability is salinity driven in centennial to millennial-
year-long LR simulations and suggested that this may be related
to cold and fresh biases in the subpolar ocean. Lai et al. (2022)
also showed that salinity played an important role in driv-
ing AMV and AMOC variability in a LR configuration of
HadGEM, while NAO-related surface heat fluxes played a
more important role in its HR configuration. However, our
findings are seemingly inconsistent with some studies that
argued that the mechanisms of AMOC variability are rela-
tively insensitive to model resolution (e.g., Oldenburg et al.
2021, 2022). This may be because not all models exhibit
large changes with increasing resolution in the mean ocean
circulation and hence also in upper-ocean temperature and
salinity in the subpolar region, as indeed is the case for
CESM (Figs. 8a,b and 12). This is expected as the mean
ocean circulation is also affected by other physics that may
vary across models.

Some of our key results seem inconsistent with Menary
et al. (2015a), who reported no systematic relationship be-
tween the time scales of North Atlantic variability simulated
by CMIP5 models and the salinity versus temperature control
of density anomalies in the Labrador Sea. The reasons for this
apparent discrepancy could be due to their focus on periodic-
ity rather than persistence or amplitude of the low-frequency
variability, their analysis of primarily lower-resolution mod-
els, and/or our more limited sample of models. Furthermore,
while our finding that the LR models from HighResMIP tend
to overestimate the low-frequency variance of extratropical
North Atlantic SSTs is consistent with some prior studies
(e.g., Ba et al. 2014; Danabasoglu et al. 2016), it conflicts with
other studies showing that coarse-resolution models generally
underestimate AMV (e.g., Cheung et al. 2017; Murphy et al.
2017; Yan et al. 2018). These discrepancies could be due to
differences in the analyzed time scale, and also model-to-
model differences. Indeed, we have argued that model diver-
sity in the amplitudes of subpolar SST variability may be
partly related to model diversity in the mean state of the sub-
polar region (e.g., CESM-LR has warmer and saltier Labrador—
Irminger Seas with lower subpolar SST variance, while
ECMWEF-LR has colder and fresher Labrador-Irminger Seas
with greater subpolar SST variance). It would be useful to
assess the impacts of resolution in a more diverse collection of
climate models, since the majority of the models analyzed
here use the same ocean model component (NEMO) and the
two models that use a different ocean model component (i.e.,
MPI and CESM) behave differently.

Although we focused on the role of salinity and temperature
advection by the AMOC and its feedback effects in the LR and
HR models, differences in damping processes may contribute to
differences in subpolar ocean variability between the LR and
HR models. In particular, salinity anomalies are expected to
have weaker local damping rates compared to temperature
anomalies because salinity anomalies are damped only by ocean
processes (e.g., vertical mixing and entrainment), whereas tem-
perature anomalies are damped both by surface heat fluxes and
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ocean processes (Hall and Manabe 1997; Frankignoul et al.
2002; Zhang et al. 2017). Thus, we expect that the salinity-
controlled variability in the LR models is more weakly damped
than the temperature-controlled variability in the HR models
and hence may also contribute to the greater persistence of sub-
polar variability in LR models.

Uncertainty in the low-frequency variability of the ocean
circulation over the observed record (e.g., Karspeck et al.
2017; Jackson et al. 2019) prevents us from making definitive
conclusions about the realism of the simulated mechanisms of
AMOC variability. However, our results suggest that the
AMOC is less salinity-controlled and more temperature-
controlled in reality compared to those low-resolution models
that substantially overestimate subpolar SST variability. This
hypothesis seems consistent with observation-based evidence
from Chafik et al. (2022) suggesting that enhanced overturn-
ing is related to subpolar surface heat loss and positive density
anomalies associated with a positive NAO. However, this
does not necessarily imply that salinity does not play an im-
portant role in AMOC variability in reality. In fact, Menary
et al. (2016) showed that Labrador Sea density anomalies are
controlled by salinity in observations, and further showed that
model hindcasts with an unrealistic temperature control of
density anomalies in this region lead to poor skill in predicting
the AMOC. In general, the primary mechanisms that drive
variability in the AMOC and the subpolar ocean remain in-
completely understood (e.g., Buckley and Marshall 2016;
Zhang et al. 2019; Lozier et al. 2019; Petit et al. 2020; Menary
et al. 2020; Jackson et al. 2022). This emphasizes the critical
need for continued and improved ocean observations.

Overall, our results suggest that an improved representation
of the climatological mean upper-ocean salinity and tempera-
ture in the subpolar region and hence mean ocean circulation in
the North Atlantic could lead to substantial improvements in
the simulated extratropical North Atlantic atmosphere—ocean
variability on decadal to multidecadal time scales. Indeed, stud-
ies have shown that aspects of AMV can be improved by cor-
recting for biases in mean sea surface salinity (Park et al. 2016)
and the orientation of the North Atlantic Current (Drews and
Greatbatch 2016). Furthermore, while we have argued that oce-
anic resolution plays a relatively more important role than atmo-
spheric resolution in explaining the improvements in North
Atlantic atmosphere—ocean variability with increasing model res-
olution in the HighResMIP models, previous studies have re-
ported improvements in aspects of the extratropical atmospheric
circulation with increasing model resolution (e.g., Siqueira and
Kirtman 2016; Menary et al. 2018; Athanasiadis et al. 2022;
Famooss Paolini et al. 2022). Hence, further studies are needed
to better understand how such improvements may relate to cou-
pled atmosphere—ocean processes. Last, as low-frequency anoma-
lies in subpolar ocean heat content and SSTs are generally
skillfully predictable by initialized LR decadal prediction
systems (e.g., Yeager and Robson 2017; Borchert et al. 2021;
Carmo-Costa et al. 2022), it remains to be understood how
the subpolar ocean biases and their apparent resolution depen-
dencies highlighted in this study may influence decadal climate
predictions in the North Atlantic sector (e.g., Menary and
Hermanson 2018; Robson et al. 2018).
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